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Abstract
The use of agent-based modelling and simulation techniques in the social sciences
has flourished in the recent decades. The main reason is that the object of study
in these disciplines, human society present or past, is difficult to analyze through
classical analytical techniques. Population dynamics and structures are inherently
complex. Thus, other methodological techniques need to be found to more ad-
equately study this field. In this context, agent-based modelling is encouraging
the introduction of computer simulations to examine behavioural patterns in com-
plex systems. Simulation provides a tool to artificially examine societies, where a
big number of actors with decision capacity coexist and interact. However, formal
modelling in these areas has not traditionally been used compared to other fields of
science , specially in their use of formal languages during the modelling process.
In this chapter we aim to revise the most relevant aspects on modelling in social
sciences and to discuss the use formal languages by social scientists.
Introduction
Computer modelling and complex systems simulation have dominated the scientific debate
over the last decade, providing important outcomes in biology, geology and life sciences, and result-
ing in the birth of entirely new disciplines (e.g. bioinformatics, geoinformatics, health informatics,
etc..). In the social sciences, the number of groups currently developing research programs in this
direction is increasing. The results are extremely promising since simulation technologies have the
potential to become an essential tool in the field (G. Gilbert, 2008).
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However, some social scientists are sceptical about the idea of reproducing “inside” a com-
puter population dynamics, because of the perceived complexity of social structures. This scepti-
cism is understandable given the low number of projects that used this approach and the lack of
experience of social scientists with these tools. Nevertheless, the research done in complexity sci-
ence during recent years shows the way computer simulation can be applied to this field. Artificial
intelligence portrays how the appropriate interconnection of very simple computational mechanisms
is able to show extraordinary complex patterns, and access to distributed computing has become af-
fordable. For this reason, agent-based simulation allows the implementation of experiments and
studies that would not be viable otherwise (Pavon, Arroyo, Hassan, & Sansores, 2008).
Even though research in social complex systems is increasing, the number of social research
using computer simulation in this area is not very substantial, according to the survey conducted
by (Leombruni & Richiardi, 2006). Thus, efforts need to be made in order to give a boost in this
multidisciplinary area of research, and provide tools suitable for this task. Collaboration among
research groups becomes crucial, but the fact that social scientists and modellers use different lan-
guages is an issue that should be addressed in order to reach scientific advances. This is the reason
why one of the main challenges of social simulation is to find a methodology capable of improving
the communication channels between people related with the construction of the simulation model,
who probably come from very different backgrounds. Only when there is a good communication
between stakeholders simulation can be successful (Robinson & Pidd, 1998).
Formal languages are one of the possible solutions and probably the most suitable one. Here
when we say formal language or formalism we refer to a language that is not ambiguous and can de-
scribe the behaviour of a system. In that sense, a formal language can be mathematics or modelling
languages such as Unified Modelling Language (UML), Petri Nets, Specification and Description
Language (SDL) and those who are used as the basis for defining programming languages used in
computer science. For instance, differential equations are used to describe the dynamic behaviour
of complex systems in System Dynamics approach. The advantage of using formal languages is that
they can explicitly describe the system to be modelled despite its complexity.
In that way, stakeholders could agree on how to define the simulation model, making the
common work possible and helping in later stages of development such as verification and valid-
ation processes (Fonseca, 2008). However, social scientists and humanists usually are not trained
on working with formalisms as in other disciplines of science. Moreover, there are no general
conventions when modelling social processes.
The main question analysed in this chapter is how the use of formal languages can contribute
to research in social fields. We aim to revise the most relevant aspects on modelling in social sci-
ences. The remainder of this chapter is organised as follows. Section summarizes the current state
of the art on the modelling process, in particular to these areas of research. In section components
and needs of agent-based simulation models will be revised, and some applications of agent-based
systems in different fields of humanities and social science will be shown. Finally, we will revise
the characteristics of four different tools for social simulation studies in Section and we will discuss
some validation practices applied to these areas in Section and some conclusions and remarks will
be pointed out in Section .
Modelling social systems
Social sciences and humanities are concern with the study of human being and their world.
Using methods of empirical data collection and scientific analysis, the social sciences study human
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behaviour and society in a variety of fields such as sociology, psychology, political science, eco-
nomics or anthropology. The reason for having many specialised areas of research around human
beings is that societal modelling is complex and can be studied from different approaches ((G. Gil-
bert & Troitzsch, 2005)). Social systems are complex in three different ways (Rossiter, Noble, &
Bell, 2010):
• they are composed by many entities which interact between them with a high degree of
interconnection which can introduce internal feedbacks,
• their structure and rules may vary over time so they have limited accuracy which in turn
makes validation difficult,
• they have limited available historic data to work with.
So how could social researchers tackle their questions about change in social systems? As
pointed by Kohler and van der Leeuw(Kohler & Leeuw, 2007) the fieldwork could be a place to
start but it is not enough to answer all questions. Therefore social scientists need to build models as
possible explanations to contrast their theories and their data.
Computational modelling and analysis can handle systems with complex, dynamic, and in-
terrelated parts, such as epidemics spread and extinction of an ethnic group, which occur within a
context constrained by many socio-economic factors. It can also handle the emergence of social pat-
terns from individual interactions. In that way, a part of computational modelling is to be capable of
model a person as an agent and his social relationships as networks. In this chapter we want to show
the nature of social simulation and why it is becoming so popular, we will also discuss modelling
procedure and why simulation looks suitable for applications in social science and humanities.
A brief history of social science simulation
The study of real world with simulation technologies in the social sciences started in the
earlies 1960s (Troitzsch, 1997) with the advances and developments on computer. In the beginning,
the research on simulation focused mainly in discrete-event simulation and in System Dynamics
which took advantage of the big calculus capacity of computers. System Dynamics approach uses
big systems of differential equations to plot variables trajectories over time (Hanneman, 1988).
Sterman (Sterman, 2000) describes it as ”a powerful method to gain useful insight into situations of
dynamics complexity and policy resistance”. However, System Dynamics is restricted to the social
analysis at macro-level and it could only allow models that could be translated into equations.
In the early stages, simulation focused more on the prediction of social systems more on their
understanding (G. Gilbert & Troitzsch, 2005). To respond to policy concerns, another approach
of the same period to model social behaviour appeared, known as microsimulation (Orcutt, 1957).
Microsimulation which aims modelling the evolution of population dynamics over time through
specifying a random sampling process for each individual at every simulation time point. Although
microsimulation has no pretensions to explanation but to predict as system dynamics, it is inter-
esting that the unit of simulation is the individual with no attempt to model interactions between
them. During many years, microsimulation was the only form of simulation which was widespread
recognized by social scientists. Still today it is used in many countries for policy issues.
In the 1980s, advances came from mathematics and physics, specially those working in the
artificial intelligence field. In these years, cellular automata (Von Neumann, 1966) start to be used
to understand social interaction. Cellular automata are a mathematical kind of models that simulate
dynamic systems which evolve in discreet steps. They consist of a grid where every square is known
as cell. Each cell has concrete state in each moment of time and also a set of neighbours. In each
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step of time a transition function is applied homogeneously to each cell taking into account the cell
state and also the neighbours states, so a new state is assigned to that cell.
In the 1990s a new technique from the artificial intelligence domain which allows autonom-
ous objective-driven movements in grids is born: multi-agent based systems (Weiss, 1999). Artifi-
cial intelligence deals with the processes of life and how to better understand them by simulating
them with computers. The field started with the beginning of computing, focusing in the modelling
of individual cognition. Later, just until the computer capacity increased and the apparition of In-
ternet, artificial intelligence researchers develop the distributed computing in form of autonomous
independent entities able to interact, also called agents. From 1980s, artificial intelligence com-
munity also developed techniques of ”machine learning” which are systems with the ability to learn
from experience, adding the new information to their knowledge and procedural skills (Michalski,
Carbonell, & Mitchell, 1985).
Not until the half of 1990s game theory is born, a discipline that includes models more dir-
ectly related to our current simulations. Game theory are a set of mathematical models that study
of interactions and decisions of people in competing environments (Aumann, 1985). Also in later
half of the 20th century, new advances in computing allow to combine cellular automata with game
theory and apply them to social sciences. One of the most well known of that is the Life Game of
Conway (Gardner, 1970) where with four simple rules a cellular automata is build to simulate the
life of a complex organisms society which interact between them.
Despite being relatively new, the agent-based simulation community is growing fast. This is
due mainly to its potential, in particular to the domains where location (as social networks, where
nodes and connections are essential (Wasserman, 1994)) and distribution (not centralised or organ-
ised by a hierarchy although it is possible to set some layers of organisation) are very important, in
front of other equation-based models, more suitable for central systems that can be understand more
by physical laws than by information processes (Mene´ndez & Collado, 2007).
Why model?
The concept of modelling is widely extended. It comes from the natural observation of the
world and the curiosity or need to reproduce it. As Epstein (J. Epstein, 2008) says “Anyone who
ventures a projection, or imagines how a social dynamic—an epidemic, war, or migration—would
unfold is running some model”. The challenge is to write it down, to turn it from implicit where
assumptions or data are hidden to explicit. It does not matter if the model implies a mathematical
formulation or any kind of graphical representation. Models are approximations to reality for an
intended used (Pidd, 2010). Pidd proposes a graphical representation of a model as a box with
inputs and outputs. The box will be black or grey depending on the purpose of the model. If one
wished to perform controlled experimentation as in some areas of physical science, the box will be
black since the model will be analysed through its outputs under defined inputs. On the contrary, if
the box is grey that means we have some knowledge of the model’s interior processes. That is the
most suitable case when investigating case scenarios answering “what if” questions. The analyst
part should be studied and it could display some unexpected emergent behaviour, a consequence of
the internal dynamic interactions between the variables in the system.
In social sciences and humanities, the tradition to apply mathematical models is not very
extended, with the exception of economy and sociology areas (Rubio, 2009). Common mathem-
atical models in these fields are based on differential equations which are very useful to describe
continuous systems but experience more difficulties in systems where the interest is on the interac-
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tions between discreet entities, as human being can be. Moreover, to model individuals as discreet
autonomous entities looks more natural. Given the difficulties to apply differential equations, stat-
istical techniques have commonly been used as a powerful analysis tool (Stewart, 1990). They are
able to extract general patterns from a set of data which does not appear to have a regular beha-
viour. However, statistical analysis provide models that indicates tendencies in a sample of values
of variables. Therefore the information we can generate is very limited, particularly in forecasting
and hypothesis testing.
Indeed simulation is specially suitable when we want to conduct experiments with a model
in order to understand the behaviour of the system under study (Shannon, 1976). Therefore, simu-
lation is one of the more powerful methodological approach that a researcher can use to understand
a complex system. Actually representation of reality through simulation models are often closer
to reality processes than other mathematical models (Lozares Colina, 2004). Simulation not only
includes the construction of a model to study the system dynamics of interest but also it can gen-
erate new knowledge that can have an impact on the model formulation itself. For instance new
hypothesis might arise which can turn on model refinement. The ultimate objective is to get closer
to the answer of the initial formulated questions about the real world. According to Shannon, sim-
ulation process should start with the definition of a problem, analysing the important entities which
play a role and the relations between variables, followed by a model formulation. At this stage it is
important to decide the number of variables to take into account, since a balance is needed between
simplicity and complexity. The model should have as many variables as needed to answer the initial
questions. However, it is possible to refine it in later states of simulation process.
How to model
It is not ventured to say that modelling is one of the keys to do research. A model has im-
pact in all aspects of a simulation study. But which is the process of modelling? Law (Law, 2007)
describes in the following way. When trying to simulate the real world we talk about systems of
interest, which are a “collection of entities that act and interact together toward the accomplishment
of some logical end”. To study them, modellers start from a set of thoughts in the stake-holder’s
mind around a problem or theory of interest. This set of ideas refer to the structure of the problem:
its objectives, the input and outputs of the system and its content (Robinson, 2008). In this process,
some assumptions and simplifications are made. Robinson states that these assumptions help deal-
ing with uncertainties or beliefs about the real world (the scope of the model), while simplifications
help reducing the complexity of the model (its level of detail). According to Robinson, all this com-
ponents form the conceptual model, which gives us an insight of the behaviour of the system. The
process of building a model from a real or proposed system is called conceptual modelling. In Figure
1, Heath et al. show how conceptual modelling is embedded in a simplified simulation development
process (Heath, Hill, & Ciarallo, 2009). As we can see, the previous steps of formalising a model is
to formulate a problem and the objectives of the simulation study.
Despite the importance of the conceptual model in a simulation study, there is not agreement
in the definition of what a conceptual model is. In (Onggo, 2010) it is suggested it might be due
to the wide variety of conceptual model representations which have been proposed in the literature.
What seems clear is that conceptual modelling is very close to the notion of abstraction, which
is related to computer science and has originated many specification languages (Roussopoulos &
Karagiannis, 2009). To make this abstraction process effective an appropriate simplification of
reality is needed (Pidd, 2003). That is, we need to set the boundaries of the real world portion we
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Figure 1. Conceptual modelling in a simplified simulation development process by (Heath, Hill, & Ciarallo
2009)
want to model in an appropriate way that can give answer to the question we make. Despite this
process of simplification, a model should be complex enough to answer the question raised (Banks,
1998). For example, a model that emulates a vehicle routing problem can answer question on how
a company should distribute its products in a given network. However, this model can not answer
questions on how this distribution will impact on the current traffic of the network. If we were
interested on getting information on the traffic impact, we should enlarge our model to model the
traffic flow to calculate how a given distribution of vehicles will affect it.
Thus, we need to find a balance between real world and the conceptualized system. If we
directly consider the most complex model to do an study we will encounter several problems, being
the most important its credibility. How could we be certain that the non necessary components in
our model are not affecting the results? As Robinson states simple models have many advantages,
such as they are faster, require less data, are more flexible and, more importantly, if we better
understand them we can better interpret their results (Robinson, 2008). In fact, a good modelling
design enhances the probability of simulation study success. Nevertheless, not in all research areas
simplicity is seen as a positive value. For instance in the social sciences, Leeuw (Leeuw, 2004)
states archaeologists can not presume a simple behaviour until there is some evidence of it. As
Davies et al. stay one should be careful to simplify certain natural processes since it presumes
certain assumptions about how they operate so one could miss some important facet to explain
it (Davies, Roderick, & Raftery, 2003). The tendency however is to build KISS (Keep it simple,
stupid) models. Idea which stems from Occam’s razor: things should be kept as simple as possible
and made as little more complex as explanation purposes demand (Axelrod, 1997). Applied to social
simulation, KISS ideally seeks simple and abstract models that are general enough to be explanatory
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for multiple specific cases. Also in social sciences and humanities there is a particular difficulty
when doing conceptual modelling: sometimes data is not available or non-existent. Stakeholders
need to proceed other way by filling out the abstract social process or mechanism sufficiently to
create a working implementation, focusing more on the instantiation of the desired mechanism than
in being faithfully to the observation of the real world process (Yang & Gilbert, 2008).
One important property of the conceptual model is that it is not oriented to any software,
so stakeholders free from implementation concerns. Thus being able to represent the behaviour
of a phenomenon or problem which can be later solved in the preferred computational method-
ology. Separating the modelling and coding process allow modellers to focus on developing the
more appropriate (“right”) model to perform the study of interest (Robinson, 2008). Thus allowing
all stakeholders to integrate in a simulation project (Roussopoulos & Karagiannis, 2009). This con-
dition makes possible to communicate the model between them, to discuss different points of views
and to set common objectives. Therefore, a collaborative effort is needed since they might probably
come from different domain knowledge and expertise (Chen et al., 2008). To do that, Nance states
that stakeholders should pick up an standard representation to understand the concepts and ideas
keeping in mind that a good communication process enriches the simulation model (Nance, 1994).
Modelling with formal languages
In social sciences and humanities, models are often expressed through natural language,
which is inherently ambiguous. This is due to the nature of systems involved in their studies, which
are often very complex in reasoning and suppositions. Moreover, each research discipline has its
own vocabulary and approach which causes more confusion. To avoid misunderstandings, scientists
should express the phenomena and ideas under study in the same rigorous manner (Leeuw, 2004).
That is, they should formalise their models , meaning they should describe the social system under
study with a non-ambiguous language. With a formal language of that kind they can non-ambigu-
ously describe their models which allow them to understand, specify and analyse a system. As we
said before, there is a clear advantage on doing so when teams are formed by experts from different
areas of science. Formal models provide the way to make these interdisciplinary teams effectively
work.
Between the natural language and a formal language, there are some alternative methods
which can be used to describe social systems. For instance, Onggo points out at the use of diagrams
for conceptual representation, which can show the information in two dimensions, being the activ-
ity cycle diagram, the process flow diagram and the event relationship map the most widely used
(Onggo, 2010). Despite their usefulness, Onggo states it is not common that a single diagram could
be used to represent completely a conceptual model.
In the area of social sciences we can also find the protocol Overview, Design concepts and
Details (ODD), which goes beyond textual representation (Grimm et al., 2006). ODD is aimed
for a description of individual-based models. It is meant to describe readable and completely the
system of interest, through an structure for the description and guidelines for the contents, so all
important information is captured. In (Polhill, Parker, Brown, & Grimm, 2008) a more extensive
description of ODD can be found along with an example of application to social simulation of land-
use change. An example of ODD structe of a case study on agent-based simulation can be seen in
Figure 2. The main limitation of ODD is that is expressed in natural language, thus being subject to
ambiguity. However, it is easy to build a computational model from it and helps make the theoretical
foundations of large models more visible. Despite its potential and having reach certain popularity,
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Figure 2. ODD structure of on agent-based simulation of hunter gatherers persistence in arid margins
in Gujarat (India). This case study is part of the Simulpast Project (CSD2010-00034) funded by the
CONSOLIDER-INGENIO2010 program of the Ministry of Science and Innovation - Spain.
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more work and refinement of ODD should be done (Grimm et al., 2010).
Figure 3. Petri Nets example of a model to simulate the Theory of Social Self-Organisation by (Ko¨hler et
al., 2007)
The ideal would be to use formal methods to simulate social processes as other formalisms
are commonly used in other applications of simulation, such as Discrete Event System Specification
(DEVS) or Petri Nets, both mathematical kind modelling languages. Formalisms provide a tech-
nique for specify the characteristics of a system and its dynamics besides helping to the validation
process. On one hand, specification is very useful to implement models, specially when working
in multidisciplinary research. On the other hand, validation allows automatic verification and error
checking of simulation systems. However, we have to take into account that social simulation is
quite new area of research and also that research mainly come from social fields with poor tradition
of mathematical modelling.
An example of the application of Petri Nets to social systems can be found in the work of
(Ko¨hler et al., 2007) who used Petri Nets to model the Theory of Social Self-Organisation. Figure
3 shows their model.
Social scientist could also take advantage of other multifaceted representation to represent
conceptual models. It consists of a set of diagrams to represent different components in a model.
One of the most used multifaceted representations is Unified Modeling Language (UML) (Fowler
& Scott, 2000). As other simulation formalisms, this type of solution allow to verify the consistency
of conceptual model components (Onggo, 2010). In (Bersini, 2012) Bersini advocates for the use
of UML in social simulation, specially for modelling agent-based models, a type of social models
that will be later discuss in . In his words ”we can only regret the minor diffusion of UML among
researchers producing agent-based models and hope that this paper will improve the situation in
the years to come“. Richiardi et al. propose to use at least part of UML in multiagent systems,
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Figure 4. UML class diagram example of a market-seller system by (Richiardi, Leombruni, Saam, &
Sonnessa, 2006)
Figure 5. UML class diagram example of a market-seller system by (Richiardi, Leombruni, Saam, &
Sonnessa, 2006)
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specifically the static representation (Class Diagram) and the dynamic view (Sequence Diagram)
(Richiardi, Leombruni, Saam, & Sonnessa, 2006). An example of Richardi et al. of both types of
diagrams can be seen in Figure 4 and Figure 5.
Figure 6. SDL example of an anesthesia unit and surgical pavilions on a hospital by
Another type of multifaceted representation named Specification and Description Language
(SDL) has been used to describe social systems. Some examples of the use and application of SDL
include the modelling of a simple reflexive intelligent agent (Fonseca, 2008), some industrial plan-
ning and management applications (Fonseca, Casanovas, Monero, & Guasch, 2011) and modelling
an anaesthesia unit of a Chilean hospital (Leiva Olmos, Fonseca, & Ocan˜a, 2011). An example of
SDL of the later work can be seen in Figure 6. The advantage of using a formalism like SDL or
UML is that they are meant for distributed environment, thus being capable of reproducing large-
scale simulations.
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Agent-based modelling in social sciences
Agent-based models come from the area of Artificial Intelligence (AI), which tries to artifi-
cially create systems that think and act as human beings (Russell & Norvig, 2010). In those terms,
the unit of study is the agent. There is no standard definition of agent, although a commonly ac-
cepted one is from Huhns and Singh ”a self-contained program that can control its actions, based
on its perceptions of the environment” (Huhns & Singh, 1997). Despite the disagreements of the
AI community to find a definition for an agent, most authors consider agents should satisfied the
following properties:
• Autonomy, understand as the capability to operate without the direct control of humans or
other agents
• Interactive, as the social capacity to interact with their environment and/or with other agents
besides perceiving their closest local environment
• Subjective perceptive, with limited capacity or reasoning
• Reactive, in the sense of perceiving their environment and acting in consequence, and proact-
ive, capable of taking the initiative with a behaviour based on objectives
• Having the potential to add characteristics as adaptation, learning, complex planification and
language
Therefore an agent will take decisions based on its perceptions in its own environment where
it exists and its objectives. According to the method through which the agent takes its decision, we
can classify agents in four categories (Russell & Norvig, 2010):
• Simple reflex agents, which operate choosing an action from the perception of their environ-
ment. This type of agent has no memory and its behaviour is specified with if-then logical
rules. Therefore, it is not really intelligent and will not be able to react to unexpected situ-
ations correctly.
• Model-based reflex agents. They operate also with individual logical rules but additionally
have a model of the environment, whose rules take into account to take their decisions.
• Goal-based agents. This type of agents are designed with objectives, not only with logical
rules. Objectives can be in the long run or in the short run. Therefore, these incorporate a
planification so agent can achieve their goals.
• Utility-based agents, they not only take into account their objectives but also can distinguish
between the best way to achieve them. To do that they incorporate an utility function which
serves to measure the best strategy.
• Learning agents, which are able to initially operate in unknown environments and to become
more competent than its initial knowledge alone might allow.
One of the first questions modellers need to answer when building agent-based models is to
model at the individual level or at the aggregate. The election should depend on the purpose of
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the model. For example, if we want to understand the dynamics of a crowd we might be inter-
ested on understanding the factors that drive the behaviour of every individual from a psychological
perspective. In that case, an agent-based model at the individual level looks more promising, such
Madhavan et al. propose (Madhavan, Papelis, Kady, & Moya, 2009). However, if the object of in-
terest is to deep on the density evolution of a crowd either a continuous-field models or aggregates of
individuals could be possible (Goodchild, 2005). The size of the crowd could change our decision,
since the more variables intervene in a model the more difficulties researchers could encounter to
understand them. Actually setting constraints is essential for agent-based models, since we cannot
produce an unlimited number of models to generate an unlimited number of scenarios for social
dynamics (Moss, 2001).
Simple observation of real world leads us to the idea of patterns. There is a numerous number
of patterns in reality. They are usually the result of the interactions of smaller pieces that somehow
combine in not so expected ways to create a large-scale pattern (Wilensky, 2002). These patterns
or phenomena emerge arise out of interaction of numerous individuals (agents) at a micro-level.
An example of emergent behaviour could be a flock of birds winging acting complete synchronized
while there is no leader to follow. Agents might be a powerful tool to reproduce human behaviour in
environment shared with multiple agents. Simulation of agent-based models also called agent-based
simulation is a technique which allow us to integrate complex decision making of human being in
an interactive context with other agents, with other variables that might be interesting for our model,
such as geospatial factors. Agent-based simulation can can be used to detect patterns of behaviour
under the hypothesis that those can emerge from the addition of individual decisions in a social
model. Moreover, this property of emergence is specially interesting in situations where the mod-
eller suspects or detects that dependent and independent variables alternate their role intermittently,
which is very common in social sciences (Mene´ndez & Collado, 2007). Menendez and Collado also
state that agent-based simulation helps on treating the problem of establishing causality directions
between variables, which they say is very useful in social sciences since independent and the de-
pendent variables can alter their role intermittently. For instance, they point out at the example of
religiosity, where one could expect that religious change may vary in function of personal values
but also the contrary could be correct.
Which is the goal of studying population dynamics with agent-based simulation? Based on
the modeller level of understanding of the system under study, Heath et al. (Heath et al., 2009)
distinguish three types of purposes for simulation. When the level of understanding is high the
simulation model can be used as a predictor, producing precise forecast of future behaviour under
well defined conditions. When that level of understanding is in a medium stage, the simulator turns
to a mediator providing insight into the system without offering a complete representation of its
behaviour. Mediator simulation models can be used to test theories and their results can be used to
improve the simulation. Finally when low information about the model is available the use of simu-
lation is as a generator, generating hypotheses and theories about the system behaviour. Concretely
in social sciences, Menendez and Collado (Mene´ndez & Collado, 2007) state there are two goals of
simulation. First one is to verify if a social model is coherent and adjusts adequately. In fact, when
data is non existent the parameter space is explored to find the optimal adjust for unknown variables.
Once the simulation model behaves as expected new hypothesis can be introduce, observing if the
model reflects the real behaviour. This is specially useful when we have qualitative data and they do
not know how to quantify it. With trial and error it is possible to modify parameters until observing
the behaviour of interest. Through those parameters we can find out their relationships and mutual
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influence. Second one is to virtually defy big limitations on experimenting in these areas, since
some hypothesis can not be tested otherwise by recreating empirical situations. Therefore simula-
tion can improve explanatory or even predictable capacities of models. However, if the knowledge
in models is poor so the results of simulation will be, resulting simulation not useful at all.
Moss (Moss, 2001) states that agent-based simulation can be useful in social sciences to
• to restate and assess existing theories, which are often sociological and anthropological
• take advantage of sociological theories and concepts to inform simulation models
• as a formalise description of a system
• to analyse different scenarios
• to help in policy analysis and formation
Beyond these interests, Moss point out at the foundational purpose agent based social simulation
which is to develop a general social theory. Axtell et al. made an attempt to find out how general
individual models might be by aligning some of them (Axtell, Axelrod, Epstein, & Cohen, 1996)
but Moss says it is far from being general. Simulation can provide insights and hypotheses on
population dynamics but theories on social behaviour might be more relevant in the field (Bankes,
2002). That is the reason why Moss suggests there is no universally accepted theory of social pro-
cess. Moreover, it explains why there has been very little use of agent-based models to recommend
public policy.
A second reason for the importance of agent-based simulation in the field of social sciences
and humanities is its naturalness as representational formalism in this field (Bankes, 2002). It
provides a way to express the vast amount of data and knowledge about social agents characterist-
ics, including their behaviour, motivations, and relationships with other individuals or institutions.
However, there are some areas of agent-based simulation that needs further attention such as the
calibration of models to data and which should be the methodology to use this kind of models to
answer specific questions or to solve problems.
Finally, agent-based approach to simulation is flexible since agent can be defined within
any given system environment, and move on it freely (Castle & Crooks, 2006). In that way it is
possible to define geospatial reference of agents through variables and parameters of the simulation.
Moreover, agent interactions can be governed by space and networks, or a combination of the two,
which will be more complicated to explain by mathematical formulation (Axtell, 2000).
Despite those advantages, agent-based simulation has also some limitations. In sociology,
some researchers find difficulties on applying agent-based simulation models due to the lack of
knowledge in some social phenomena. This lack might be not only due to empirical evidence but
also to limitations on sociological theory. An example of these type of problems can be found
in (Mene´ndez & Collado, 2007), where Menendez and Collado try to study religious evolution in
Spanish society by the end of last century. As a conclusion of their study they point out at the need
of finding more formal and documented models which should be able to explain systematically
social processes. Another disadvantage of this approach is the lack of full access to data relating
to the phenomenon of interest, because the target of interest is not easy to access or simply data is
non-existent. There is also a limit on the size of parameter space that can be checked for robustness
when conducting agent-based simulation. If we increase the number variables we not only increase
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computational needs but also we compromise the credibility of the model, which is very difficult to
validate against real data (Castle & Crooks, 2006).
Some applications in social sciences
Among numerous applications of agent-based simulation to the social science, Schelling
(Schelling, 1971) is credited with developing the first social agent-based model. In his work, he
reproduced population dynamics in terms of segregation patterns. His work show this patterns
can emerge from migratory movements of two different culture types of households, which were
quite tolerant. Later some other social models using the agent-based approached arose, such as
Sugarscape (J. Epstein & Axtell, 1996).Despite the simple behaviour of agents, Sugarscape results
illustrate a variety of features of societies, including emergence of social networks, trade and mar-
kets, and cultural differentiation and evolution. Another icon model of the agent-based modelling
community is the Artificial Anasazi model (Dean et al., 2000)(G. Epstein & Gang, 2006) which
describes the population dynamics in the Long House Valley in Arizona between 800 and 1350.
The model help to prove that simulation could reproduce settlements archaeological records on the
occupation of the Anasazi in Long House Valley with simple household rules on choosing locations
for farms. Moreover, the model showed that the abandonment of the valley around 1300 cannot be
explained only by environmental variations.
In this section we do not pretend to revise the full range of agent-based simulation applic-
ation but also point out some examples of interest. We can find examples in very different areas.
Archaeologists and anthropologists are also using agent-based simulations of ancient civilizations
to help explain their growth and decline, based on archaeological data. An example of that is Villat-
oro and Sabate´-Mir (Villatoro & Sabater-Mir, 2008) who studied the Yamana indigenous of Tierra
del Fuego (Patagonia) to deep in the factors which lead this hunter-gatherer society to extinction.
In their study they provide that despite living in very hostile geographical conditions Yamana had
a strong organisation and a set of norms that made possible a high interaction between different
groups. For that, they used an agent-based simulation where agent had a set of simple logical rules.
In economy, we can find numerous applications of agent-based simulation. An early example
on evolutionary trade network formation among strategically interacting buyers, sellers, and dealers.
networks is from Epstein (J. Epstein & Axtell, 1996), Another example to reproduce dynamics in
queues, such those of costumers in check-in desks, banks or airports can be found in (G. Gilbert
& Troitzsch, 2005). Also economical factors are considered in the agent-based model of Balbi and
Giupponi of adaptation to climate change (Balbi & Giupponi, 2010). Tesfatsion give some more
example of applications of agent-based modelling and simulation to economic systems (Tesfatsion,
2002) (Tesfatsion, 2006).
Sociologist are also working on agent-based modelling. Cognitive science is starting to ex-
tend the idea of artificial agents to social settings (Bedau, 2003). In that sense, Gratch and Marsella
use agent-based simulation to study the influence of emotion and cognition on social behaviour
(Gratch & Marsella, 2001). Menendez and Collado (Mene´ndez & Collado, 2007) studied religious
change in Spain by the end of last century and how it which might be tied to values change.
If we add more intelligence to agents, such as orientating them rationally based on belief,
desires and intentions aligned with psychological theory, we can find application in the simulation
of traffic where drivers take their decisions based on their perceptions of traffic flow and character-
istics (El Hadouaj, Drogoul, & Espie´, 2001). Or simulation of emergency situations, such as fire
emergency in an airport where agents need to decide their way to escape (Burmeister, Haddadi, &
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Mattilys, 1997). However, as Menendez and Collado (Mene´ndez & Collado, 2007) states some-
times it is not possible to precisely define desires and intentions which move human beings in the
society to simulate them.
To conclude, we can say that although there is a lot of work done in agent-based simulation
in social sciences there is much more to do. Specially the use of agent-based models for exper-
imenting with geographical phenomena needs further work (Castle & Crooks, 2006). However,
agent-based simulation has the potential to achieve remarkable goals in the areas of social sciences
and humanities.
Tools for modelling in social simulation
There is a lot of interest in developing agent-based modelling as a general technique to be
applied to the study of societies. A numerous number of platforms exists to provide the means to
study social phenomena. In this section, we will briefly describe some of them and compare them in
terms of software capacity, architecture and the type of applications they have been tested with. We
have chosen the software platforms we currently believe to be of particular relevance to scientific
modelling and simulation of societies. We do not intend to fully review them but just to revise
their most important characteristics to help the reader picture the world of agent-based simulation
tools. A more completed list on software platforms for agent-based modelling and simulation can
be found in (Nikolai & Madey, 2011) and (List of ABM tools, n.d.).
Agent-based systems are very complex applications to program, implement and optimise,
specially when the size of the population to simulate is large. Actually, we can find two differ-
ent situations when modelling and simulating social behaviour. On one hand, there is a computer
scientist or someone with advanced skills in mathematical programming which faces the challenge
to realize some research in a social domain. Unless he/she has the adequate knowledge in the so-
ciological model, he/she will experience difficulties to build a valid model and later explain and
communicate it to the social community. On the other hand, we could find a social scientist who
wants to take advantage of simulation techniques to experiment with his/her theories and knowledge.
Unless he/she has the programming experience to develop and implement his/her ideas, he/she will
need to find someone to do that for him/her. The ideal case, therefore, would be the situation where
the social scientist could autonomously use a tool to define his/her models and afterwards run them.
Similarly when social scientists perform a multivariate analysis through a statistical tool without
the need of programming or knowing in deep the mathematical algorithms involved, they should be
able to test their hypothesis or theories. Thus, the need to give a boost in developing tools to help
research community advance in the social simulation field.
Nowadays we can find numerous tools to experiment in social behaviour and dynamics.
Moreover, as computer technology has advanced, the scale and sophistication of the software avail-
able for users has increased. Software toolkits might be difficult to handle, specially when they use
object oriented languages. In that sense, Nicolai and Madey (Nikolai & Madey, 2009) point out that
the use of object oriented languages is very extended: 42% use Java as their primary programming
language, 17% uses C++, 11% uses, 8% uses a variant of Logo and the rest use a platform specific
language which was designed to facilitate the modelling and simulation design. In fact, there is
little consensus about the best general purpose programming language to use on simulation social
behaviour (N. Gilbert & Bankes, 2002). Given the number of different programming languages that
can be used, agent based modelling packages tend to be hard to understand for users who may have
little or no programming experience, as social scientists generally are the case.
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Apart from that, each tool has its own non-intuitive terminology so users should learn how to
draw or write their models in each particular platform (Allan, 2010). This is due to the multidiscip-
linary nature of social agent based modelling field, so easily there might be a conflict in the use of
terms. Moreover, Nicolai and Madey (Nikolai & Madey, 2009) state that there is no consistency in
the use of terminology in some toolkits. For example, they point at the term ”multi-agent system”
which properly refers to a small system with heterogeneous agents that have artificial intelligence
capabilities and it is in some cases used to refer to a large system of homogeneous agents (an agent-
based system). These slightly differences on the concepts employment can mislead the user or create
difficulties in work teams. Depending on the user’s background, the characteristics of the platform
should be different. For instance, social scientist might be more concerned about how easily is the
interaction with the interface to manage simulations and the degree of programming skills required
while computer scientists may consider if the tool is open source and its capability to be modified
or extended for their own purposes. But no matter which type of user should the tool be meant for,
they should have a good documentation. However, basic documentation is incomplete in general
although there are some exceptions with very detailed information (Allan, 2010). It mainly depends
on how extended is the community using the tool and the community that supports its development.
Beyond that, there is no standard on how to specify agent based models not only in the social
science and humanities community but also in the computer science, and specifically in artificial
science fields. That fact makes difficult to address the issue on how defining the agents’ character-
istics, the interactions between them and with the environment. As a consequence, the platforms
we can find nowadays address that issue in their proper way, according to the type of applications
they are meant for, their characteristics, and what the tool designers think can be more convenient
for their type of users. Consequently, it is not surprising to see that several tools have their own lan-
guage which is used specifically for that toolkit, as we mentioned before. Some of them, probably
concerned about becoming simpler to learn and use, have support for visual programming (Nikolai
& Madey, 2009).
There is another element that should be considered when modelling social dynamics. Some-
times models depend on the location of the phenomena being modelled, such that if one or more of
those locations change the model results will also change (Wegener, 2000). Geographical location
of agents is specially interesting for areas such as archaeology, history or ecology. Geographical
Information Systems (GIS) are commonly used for representing data of geospatial nature. A GIS
consist of a set of tools which allow users to interact and understand spacial information. GIS are
meant for visualizing, processing and analysing spatial data presented as digital maps. In that sense,
Wheatley and Gillings (Wheatley & Gillings, 2000) called it an spatial toolbox. A GIS can not
only deal with data at an geographical scale but also with data not properly geographical such as
culture, political ideology or religion since it this kind of information can be attached to an spatial
reference (Rubio, 2009). A good revision of GIS techniques and capabilities can be found in (Castle
& Crooks, 2006).
In the following subsections we will briefly describe the characteristics of four different tools
which are most commonly used when simulating societies from the social scientist perspective.
Those are: Swarm, Mason, Netlogo and Repast. Although they were originally designed as general
purpose tools, as an educational tool and as specific tool for social scientific use respectively, we
can nowadays find applications in social simulation in all of them. These differences on the primary
domain of application might not only affect the user interaction with the toolkit but also the fact
some of them have become more popular among some specific areas of social studies and human-
OVERVIEWONAGENT-BASED SOCIALMODELLINGANDTHEUSEOF FORMALLANGUAGES18
ities. There is another aspect to consider in terms of characteristics of the software. In terms of
use, some of them are open source while some others have a private license. Moreover, some tools
support distributed environments and therefore can model large-scale populations. In this report, we
decided to not include tools with education purpose, although there is a lot of interest on it (Serenko
& B., 2002). Instead of that, we focus on platforms meant to develop and experiment simulation of
social systems.
Swarm
Swarm is one of the oldest agent-based modelling toolkits developed in Santa Fe Institute
(Minar, Burkhart, Langton, & Askenazi, 1996). It is intended for general purpose applications,
specially those related to artificial intelligence, to develop multi-agent models to simulate complex
adaptive systems. Right now, Swarm development and management is under control of Swarm
Development Group (Swarm Development Group, n.d.). In Swarm users can not only implement
their models but also observe and conduct experiments on the model in the virtual laboratory it
provides. The design of models follows a schema of a hierarchy of swarms. A swarm is a group
of agents and a schedule of actions that the agents execute. It is possible to design hierarchies of
swarms whereby an agent can be composed of swarms of other agents in nested structures. When
this happens, the agent behaviour at the higher level is defined by the emergent phenomena of the
agents inside its swarm (Minar et al., 1996). Swarm separates the model from its observation.
This property enables the model itself to remain unchanged if the observation code is modified.
According to Allan (Allan, 2010) the design philosophy appears aimed for may different models
profiting Swarm’s modelling concepts, not including specific tools to any particular domain.
Swarm simulations can be written mainly in Objective-C and some in Java, both object ori-
ented languages. Therefore a knowledge on object oriented programming is desirable. Swarm has
a free source code form under the license GNU General Public License (GPL), which implies to
make the source code for their entire model available to anyone who obtains a legitimate copy of
the model’s binary code. It runs in Windows, Linux, Mac and OS X operating systems. Swarm has
no support for Geographical Information Systems (GIS) although there is an extension of Swarm
simulation libraries named Kenge that provides functionalities to create cellular automata similar to
raster GIS data layers, a surface upon which agents can act (Box, 2002). To date, it appears there is
not any parallel implementation of Swarm.
Swarm has been applied to a variety of domains. We can find works in organisation man-
agement, for instance the work of Lin and Pai (Lin & Pai, 2000) to simulate changing business
processes to adapt to new business environments. Also there are several contributions to economics
(Luna & Stefansson, 2000) and supply chains (Strader, Lin, & Shaw, 1998). In more technological
areas, we can find applications in mobile technology (Lingnau & Drobnik, 1999) and in social net-
works of open source software development (Madey, Freeh, & Tynan, 2002). Terna (Terna, 1998)
shows how Swarm could be used in social science research and tries to approach Swarm termino-
logy and work environment to social science community. To do that, he presents an application of
Swarm to a negotiation and exchange system of consumers and vendors. Also Axelrod (Axelrod,
1997) points out at how classical models, such as Game of Life or Prisoner’s Dilemma, could be
replicated with Swarm.
Traditionally, Swarm has been the most powerful and flexible simulation platform since it
allows to implement very intricate and complicated social mechanisms (Allan, 2010). However,
since the modeller needs to have some experience in Objective-C and possible Java, Swarm has
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a steep learning curve. That is the reason why despite the efforts on disseminating Swarm, it has
remained technically challenging for most social scientist to use. Consequently, it has not generate
a broad-based community of practitioners of this methodology in social science. However, given its
history, Swarm definitely contributed to make agent based modelling more visible to a large number
of scientists (M. Janssen, Alessa, Barton, Bergin, & Lee, 2008).
Netlogo
Netlogo is an agent-based programming language and modelling environment for simulating
complex phenomena. Netlogo derives from StarLogo (Resnick, 1994) and StarLogoT (StarLogoT ,
n.d.), an environment for experiment complex dynamics in parallel environments in Macintosh oper-
ating system. Netlogo was designed to provide a basic laboratory for teaching complexity concepts.
To help doing that, it provides a graphical user interface to create models that control graphic agents
that reside in a world in form of a grid of cells, which can be monitored. Since its ultimate goal
is to be helpful in teaching agent-based simulation, the environment and the language in Netlogo
is meant to be simple enough ”to have a low threshold for beginners“ (Tisue & Wilensky, 2004).
Therefore, Netlogo includes a large number of example simulations to help beginning and experi-
enced users alike. In (Tisue & Wilensky, 2004) the reader can find some useful information about
Netlogo, including the history of its origins, a tour of its interface, an introduction to the Netlogo
language, and the acceptance of Netlogo in the research community.
Netlogo uses a modified version of the Logo programming language (Harvey, 1997). This
is a different approach from other toolkits such as Swarm and Repast which make simulation fa-
cilities available to programs written in a general-purpose language such as Java. Despite being
free, Netlogo is not open source. Netlogo is written in Java so can be run on all major platforms,
requiring Java version 1.4 to run the current Netlogo version 2.0. In principle, it can run in any
operating system except for Windows 95 and MacOS 8 which were supported by previous Netlogo
1.3. According to Tisue and Wilensky (Tisue & Wilensky, 2004), the majority of users find Netlogo
fast enough for most purposes, specially when running simple code and large numbers of agents.
Although the Netlogo engine has no fixed limits on size, it is single-threaded, single pro-
cessor based thus being problematic to run large scale models. To fix that, there is an extension of
Netlogo called BehaviorSpace which allows the user to run will the simulation in parallel, one per
core in a multiple processor cores desktop computer or in cluster of processors. BehaviourSpace
was specially design to explore the parameter space of a model, exploring possible behaviours to
determine which combinations of settings cause the behaviours of interest. BehaviourSpace is also
free and open source.
There are many applications of agent-based social simulation in Netlogo. In (Damaceanu,
2008) an agent-based computational model is built to simulate the distribution of wealth in social
classes, taking into account economies based on renewable and non-renewable resources. They
conclude that global economy must focus on using renewable resources because this approach may
increase the global wealth. Another interesting simulation with Netlogo is the work of Zhao and Li
(Zhao & Li, 2008). They conducted a study on reputation evaluation mechanisms using Netlogo.
Albiero et al. (Albiero, Fitzek, & Katz, 2007) used Netlogo to test a power saving technique for
mobile devices in a cooperative framework for the wireless domain. In (Koper, 2005) a learning
network is modelled to study how social interactions might affect acquiring new learning compet-
ences. In Millington et al. (Millington, Romero-Calcerrada, Wainwright, & Perry, 2008) they used
Netlogo to run an agent-based model of agricultural land-use decision-making to evaluate potential
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changes in wildfire risk for a Mediterranean landscape. Barcelo et al. (Barcelo et al., 2010) used
Netlogo to simulate the emergence of ethnicity and cultural differentiation in prehistoric hunter-
gatherer groups in Patagonia (Argentina). Also Netlogo can be used to replicate models, as Janssen
(M. A. Janssen, 2009) uses it to replicate the Artificial Anasazi model.
As we can see, Netlogo is probably the simulation platform most widely used in Social Sci-
ences and Humanities. The main reason is the smooth learning curve of the application, specially
if it is compared to other software packages. A social scientist without any skill in programming
can easily start developing models with Netlogo following a short course or a tutorial, and it is a
huge advantage over platforms that require expert programming skills. Unfortunately, this fact is at
the same time a disadvantage. Netlogo forces the user to create a model following the concepts and
constraints defined by the program itself, and for this reason the researcher will run in trouble in
case of creating a model that differs from the Netlogo approach. Moreover the code of this software
is closed, so the possibilities of adapting the platform to other uses are weak.
In summary, Netlogo is a very popular tool in natural and social sciences community. Per-
haps its success comes from its short learning curve and the extensive documentation and tutorials.
Actually, Netlogo is known as being by far the most professional platform in its appearance and
documentation (Allan, 2010). It is the perfect platform for prototyping the first versions of a model
and exploring toy models, and an excellent tool to improve the understanding of social scientists
regarding the process of modelling. However, it is not meant for large simulations with complex
behaviour of agents and lots of interactions. For that, other alternatives should be explored.
Repast
The Recursive Porous Agent Simulation Toolkit (Repast) is a free open source toolkit that
was developed by a collaboration between the University of Chicago and the Argonne National
Laboratory, and is under constant development and extension (Collier, 2001). Repast is a set of
Java libraries that allows to build simulation environments, create agents in social networks, collect
data automatically from simulation and build user interfaces easily. Despite being designed for
modelling social behaviour it is not limited to social simulation (North, Collier, & Vos, 2006). It
has a wide variety of applications that range from social systems, to evolutionary systems, to market
modelling, to industrial analysis.
According to Allan (Allan, 2010), Repast has many similarities with Swarm, both in philo-
sophy and appearance. Similarly it provides a library of code for designing, running, visualizing
and collecting data from simulations. Those similarities are due to the fact that Repast was initially
a Java re-coding of Swarm. However, Repast does not actually implement swarms. Since Repast
was aimed to support social science domain, it includes specific tools for that field. Moreover, it was
developed with the goal of being easy for inexperienced users. That could explain the development
of different version of Repast: Repast-J in Java, Repast.Net in Microsoft .NET and Repast-Py in
Python. However, currently these variants of Repast are no longer being developed, they have been
replaced by Repast Symphony which provides all the core functionality of Repast-J or Repast.Net,
although limited to implementation in Java. This last version improves specially the Graphical
User Interface (GUI), provides hierarchical and organisation support through contexts and designs
a special space for defining agents’ relationships (called projections) (North & Macal, 2005).
The Repast user community is large and active. Repast is available in both Java and Mi-
crosoft .NET forms. It is released under the Berkeley Software Distribution (BSD) license and
therefore it is freely available for download with source code. In terms of architecture and computer
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capabilities, Repast Symphony has a concurrent and multi-threaded discrete event scheduler, it has
available various numerical libraries such as random number generators and has distributed comput-
ing support using the Terracotta Enterprise Suite for Java. Point and click modelling in 2D and 3D
is supported. In terms of documentation, although Repast provides some demonstration simulation
models such as SugarScape, Swarm’s Heatbugs and MouseTrap models, there are very few other
simulation models generally available on the internet. However, a mailing list of Repast can provide
general support and discussion.
Tobias and Hofmann (Tobias & Hofmann, 2004) evaluated free Java-libraries for social-
scientific agent based simulation and found Repast to be the clear winner. For that evaluation they
focused in general aspects of the toolkit such as license, documentation, support, user base and
future viability, modelling and experimentation aspects such as support for modelling, simulation
control, experimentation or installation and modelling options such as inter-agent communication,
networks and spatial arrangements. Also Allan (Allan, 2010) points at Repast as the being the
agent-based modelling and simulation package with the greatest functionality.
Repast has many users involved in a variety of social domains. For example, we find applica-
tions in species explorations of landscape (Vidgen & Padget, 2009), reputation systems (Schlosser,
Voss, & Bru¨ckner, 2005) (Wierzbicki & Nielek, 2011), dynamics of insurgencies (Bennett, 2008),
social influence and decision-making (Altaweel, Alessa, & Kliskey, 2010) or evolutionary simu-
lation (Edmonds, 2006). For other Repast application areas, such as evolution and ecosystems,
artificial societies, and artificial biological systems see (North & Macal, 2005).
Mason
Mason (Luke, Cioffi-Revilla, Panait, Sullivan, & Balan, 2005) is the newest entrant into
the field of agent-based simulation toolkits from our list of toolkits for social simulation. It was
developed by a joint effort of George Mason University’s Computer Science Department and the
George Mason University Center for Social Complexity. The limitations of Repast with computa-
tionally demanding models with many agents executed over many iterations inspired Mason design
as a smaller and faster alternative. Therefore, Mason is being developed as a new platform with
emphasis on efficient execution of the code, which is programmed in Java language. It contains a
model library and a suite of visualization tools in 2D and 3D, both running independently. As one of
the newest software tools, it has migration options from others which is interesting for developers.
The system is open source and free (Allan, 2010).
There are many applications of Mason in social science. An example of that is the work
on Dunham (Dunham, 2005) on epidemiological simulation. Cioffi-Revilla (Cioffi-Revilla, 2010)
used Mason to study the emergency and evolution of polities in Inner Asia. Cioffi-Revilla, along
with Bigbee and Luke, also showed how the Sugarspace model could be replicated with Mason in
(Bigbee, Cioffi-Revilla, & Luke, 2007). Luke and Ziparo (Luke & Ziparo, 2010) used Mason to
simulate virtual learning of automata. Other areas of application of Mason include climate change
(Hailegiorgis et al., 2010), conflict (W. Kennedy et al., 2010)(Rouleau et al., 2009) or nomad soci-
eties (Cioffi-Revilla, Rogers, & Latek, 2010). For a complete list of Mason applications see their
website (http://cs.gmu.edu/˜eclab/projects/mason/).
Allan (Allan, 2010) points out at the wide range of multi-agent simulations that can be de-
signed with Mason ranging from swarm robotics to machine learning to social complexity environ-
ments. For more information about the Mason system and its basic architectural design see (Luke
et al., 2005).
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Discussion
We have revised four widespread toolkits for agent-based simulations, including their needs,
characteristics and some of their shortages. We specifically focused on applications to social sci-
ences and humanities and pointed out at some special needs. In summary, social scientists experi-
ence some specific difficulties when managing agent-based platforms:
• On managing the interaction with the tool, including the need for a good detailed document-
ation and usability.
• On designing agent-based models they generally have non-existing or basic programming
skills
• On defining the kind of features specific to social sciences and humanities (learning or reas-
oning capabilities of agents, emergent behaviour, interactions, social networks among others)
These difficulties should be taken into account not only when designing agent-based platforms with
general broad purposes but also when improving the current tools that are nowadays in the market.
Moreover, as social simulation field advances new features and needs will appear demanding for a
reasonably fast adaptation of the current tools.
There are some issues that are not considered in the design of the software tools revised.
First, in some areas of social sciences, such as archaeology, data used in specific case studies is
often spatially referenced, and a need to track a huge volume of information arises. If the project is
big enough a desktop computer or a small cluster can be insufficient to manage the amount of spatial
information, being the result that some researches can be forced to decrease the quality and quantity
of raw data managed by the simulation. Second, as social simulation advances, the need to model
and simulate a large number of agents and interactions between them increases. In some specific
cases, those interactions can be extremely large thus forcing the scientist to limit its number in order
to execute the simulation in a standard computer. Although some of the existing ABM platforms try
to fix these problems through the use of distributed systems, none of them is specifically designed
for its execution in distributed supercomputers, probably the hardware architecture more suited
to execute large-scale simulations (Rubio & Cela, 2010). Actually, this issue is also pointed at
(Greenough, 2010) as a future challenge which must be faced in order to make agent based models
a mainstream computational science technology.
As we pointed before, there are differences in terminology among software tools. Railsback
et al. (Railsback, Lytinen, & Jackson, 2006) point out at some important differences to this respect
between Mason, Netlogo, Repast and Swarm. Terminology differences can not only confuse the
user of the platform but also they can lead to mistakes when working in multidisciplinary teams.
Given that social simulation is a recognised multidisciplinary field, more attention should be paid
to this issue. Probably the causes of using different terms in the field come from the same back-
ground difference of those who developed the software tool. Therefore, people working in social
simulation should discuss and define each of these terms to avoid future misunderstandings among
multidisciplinary teams and the whole social simulation community.
Agent-based models are being actively applied in many practical areas. The applications
range from modelling adaptive behaviours and emergence of new ones in hunter-gathered prehis-
toric societies to understanding consumer behaviours in stock markets. The scope of the applica-
tions varies also from minimalist academic models meant to capture the most salient features of a
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Figure 7. Validation and verification processes of the agent-based social model.
system to decision support systems that want to answer world policy questions, with the difficulty
of including real data and later validating the model. According to Allan (Allan, 2010), in some
areas of application is not clear that minimalist applications can be sufficient, although they might
contribute to detect difficulties and shortage in the design of models. What is clear is that there
is still a lot of work to do in social simulation field, not only in the technical aspect but also in
terms of definition and agreement on models that emulate population dynamics. In that sense, Allan
also points at the need of a new generation of agent-based models including more advanced aspects
on communication networks, conditional neighbour interaction rules and a protocol for knowledge
exchange.
On verifying and validating models
Validation and verification (V & V) is a significant element of any simulation study. As
pointed by Robinson (Robinson, 1997), “without V & V there are no grounds on which to place
confidence in a (simulation) study’s results”. In simulation, we often differentiate between verific-
ation and validation. Verification is a process to determine whether a conceptual model has been
implemented correctly in its computerized form. To borrow the computer programming term, we
debug the model. Validation is a process to determine whether the model is an accurate represent-
ation of the system being studied for a given set of modelling objectives. A simplified version of
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agent-based simulation models of (Sargent, 2005) is shown in Figure 7. Moss (Moss, 2001) sees
validation process as a a posteriori constraint and verification as a priori constraint. The reason
is verification at the end limits the specification of the model, establishing some logic or theory
limits before generating any output from simulation. However, validation aims to adjust the model
(through simulation outputs) with observation. A failure on validating a verified model would im-
ply to modify the model itself. As a consequence, either the model should be changed and separate
somehow from the theory or formalism or this fact could indicate that the theory or formalism
should be revised.
Although conceptually simple, verification can be challenging, especially when we are deal-
ing with a relatively complex computer program. Law (Law, 2007) and Banks et al. (Banks, Carson,
Nelson, & Nicol, 1999) lists a number of techniques that can be used in a verification process. Val-
idation is neither easy job. Actually, Robinson states that it is not possible to prove that a model is
valid in all contexts, because a model is only a simplified version of reality. Consequently, a model
cannot describe all aspects of a real system. Hence, the main objective of validation is to prove that
a model is sufficiently accurate for parts of the real world under study. Indeed, one of the key aspects
of validation is to assess whether the outcomes of a model can explain the real phenomenon that is
being studied (Ormerod & Rosewell, 2009). This can be fulfilled by performing as many validation
methods as possible during a simulation study until we (and users) can gain enough confidence in
the model and accept its results. Therefore, validation is a continuous process (Edmonds, 2000).
Validation should also take into account the domain of the system under study (Sargent, 2005).
Therefore, a validated model may not be valid for a set of different experimental conditions outside
its domain.
Robinson identifies four different forms of validation in simulation modelling: conceptual
model validation, data validation, white-box validation and black-box validation (Robinson, 1997).
Conceptual model validation deals with issues such as the level of detail of the model and determines
if it is enough for the purpose it was developed. Data validation is needed to determine whether the
data used in the simulation study is sufficiently accurate. The black-box validation concerns with
the relationship between inputs to the model and its outputs, ignoring the elements inside a model.
The objective is to determine if the output of the model reflects the real world observation for the
same set of inputs. Finally, white-box validation tries to answer the question does each element of
the model and the structure of the model elements represent the real world with sufficient accuracy?
In the following subsections we will point at some specific issues of verification and valida-
tion processes in agent-based social models and the role of formal languages in these processes.
Verifying and validating agent-based models
In the area of agent-based simulation applied to social sciences and humanities validation
is a big issue of concern. Despite the increasing popularity of agent-based simulation in the last
two decades, validation techniques are neither as widely used nor as formalised as one would ex-
pect. According to the survey conducted by Heath et al. (Heath et al., 2009) on the articles related to
agent-based models published between 1998 and 2008, 29% of the articles did not discuss the valid-
ation of their models. They further divide the validation reported in the articles into two categories:
conceptual (i.e. conceptual model validation) and operational (i.e. comparing the simulation res-
ult with the real observation). The researchers found that 17% of the articles used the conceptual
validation only, 19% used the operational validation only, and 35% used both. They also noted the
dominance of qualitative validation methods in the validation of agent-based models. They provide
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a conjecture that this issue might have its cause in the fact that many agent-based models are not
conducive for quantitative validation methods.
Kennedy et al. (R. Kennedy, Xiang, Madey, & Cosimano, 2006) suggest the lack of verifica-
tion and validation for agent-based and social sciences could be attributed to agent-based modelling
not being as mature as engineering modelling. Klu¨gl noted that agent-based models often exhibit
behaviour that can be problematic for validation purposes, such as non-linearities and multi-level
properties (Klu¨gl, 2008). In addition, agent-based models often use significantly more assumptions
which make the assessment of the validity of these assumptions more difficult. Agent-based models
also require the finer level of model detail in which data at that level of detail may be difficult to
obtain.
Duong (Duong, 2010) also examines this issue and suggests that the greater uncertainty in so-
cial sciences compare to others, like physics simulations, the lack of consensus on how to represent
social environment, and the lack of experimental controls in data collection might contribute to the
difficulties in the validation of agent-based models. Windrum et al. (Windrum, Fagiolo, & Moneta,
2007) examines a set of methodological problems in the empirical validation of agent-based mod-
els. The problems seem to have arisen due to, among other reasons, the lack of techniques to build
and analyse these models and the lack of comparability between the ones which have already been
developed.
A number of validation techniques have been proposed for agent-based simulation modelling.
Klu¨gl (Klu¨gl, 2008) proposes a validation process for ABS models combining face validation and
statistical methods. Arifin et al. in (Arifin, Davis, & Zhou, 2011) explain there are three ways to
validate an agent-based simulation:
1. Through comparison of simulation output with real phenomena. Although simple, this
method has disadvantages when real data is not complete.
2. Constructing mathematical models of the system under study and compare these models
with the simulation results. However, is not always possible to build a mathematical model of
reality, specially when formulating complex systems.
3. The third technique is docking (also known as alignment, replication, cross-model valida-
tion, or model-to-model comparison), a process of comparing two similar models which address the
same question or problem with the objective of not only finding their similarities and differences
but also to gain understanding of the phenomenon under study (Burton, 1998). Performing this
comparison between independent simulation tools, docking might find differences of interpretation
in the model specification and also in the implementations. Nevertheless finding a similar behaviour
among multiple simulations will increase the validation confidence. Some examples of docking can
be found in the literature. We will point at docking of the beer distribution game (North & Macal,
2002), of simulation of organisations (Ashworth & Louie, 2002) and of collaboration network (Xu,
Gao, & Madey, 2003). (Axtell et al., 1996).
Another technique is the validation at two levels, called cross-validation (Moss & Edmonds,
2003). It consists of a first qualitative validation at the agents’ level, checking that the behaviour
of the computational agents is similar to the target agents, and statistical validation of patterns
of behaviour of the overall system. The concept of cross-validation comes from some ideas and
theories from Physics, specially on looking at systems with high volatility, and the social theories
of social embeddedness.
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The use of formal languages in verification and validation
The use of formal methods, widely extended in engineering and computer science, can help
in verification process of social simulation. The reason is that formal specification of models re-
quires the designer to clearly, concisely and unambiguously state what a system should do. The
specification does not say how the model should do but what it does. In that way, the formalism
specifies an abstract representation of the system under study. The ultimate goal is to validate this
specification with experts from the domain of study (Black, Hall, Jones, Larson, & Windley, 1996),
who should say if the specification express what they want.
After an agreement has been set up, there is no ambiguity on what the simulation model
should perform. Later, the programmer will translate the specification to the implementation. Unless
there is an automatic method to do this translation from the formalism to the code, verification
should be performed. However, if this automatic mechanism exists, the programmer will find it
very helpful since one can take the formal language to verify that the code is performing as agreed.
In that sense, Moss et al. (Moss, Edmonds, & Wallis, 1997) use a declarative formalism
to address the validation and verification of ABM with cognitive agents. A similar approach is
followed by Fonseca (Fonseca, 2008) who takes advantage of SDL to specify agent-based social
models, as we mentioned in Section . Fonseca also develop an tool to design simulation models
with SDL language that automatically translates SDL to an implementation code (Fonseca, 2010).
As said, this has the advantage to allow users to skip verification process.
Conclusions
In this chapter, we have revised the concept and process of modelling in social science. We
have seen why modelling is necessary in all disciplines of science and the characteristics of the
modelling process. We focused our attention to the use of formal languages when modelling so-
cial systems. We saw the current alternatives that are being used in social fields and humanities,
such as textual representation or the use of diagrams. The main drawback of describing a social
system with natural language is its ambiguity. This issue has special significance when working in
multidisciplinary teams or when trying to replicate models.
However, some advances have been made in social sciences. One example quite successful
is the use of ODD protocol. Despite being ambiguous, it provides some ideas, concepts and organ-
isation of models that have been very well accepted by practitioners (Grimm et al., 2010). But there
is a long path to walk. Social sciences and humanities should profit from other available formal lan-
guages that are currently used in other applications of simulation to improve the description of their
models. Perhaps increasing the interdisciplinary work in teams could advance this issue. Computer
scientists are used to specify large complex systems through the use of mathematics, logical nota-
tion or specification languages. Social systems are perhaps more complex in terms of interaction,
structure and emergent behaviour but nothing tell us it is not possible to go further, given the big
advances made in the last 15 years. Formal languages can be the means to automatize the generation
of computer code and to help in verification process.
There is also still a lot of work to do in verification and validation applied to social agent-
based simulation. Ormerod and Bridget (Ormerod & Rosewell, 2009) state that ”no firm conclu-
sions have been reached on the appropriate way to verify or validate such models“. The process of
validation requires a clear view of what the model is trying to explain and with which goals. There-
fore, as Ormerod and Rosewell state, we need to answer the question ”What are the key facts that
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the model needs to explain and how well must it do it?”. Later, validation will show if the model
outcomes explain the phenomenon under study.
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